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Abstract 15	
 16	
This paper is based on two initial hypotheses, firstly, it is proposed that the vegetation 17	
volume obtained with a LIDAR-based system or tree row LIDAR volume (TRLV) has a 18	
high correlation with the leaf area (LA). Secondly, it is proposed that the projected outer 19	
surface or projected tree row surface (PTRS), also LIDAR-based, is linearly related with 20	
the LA. The verification of these two hypotheses corresponds to the first two objectives 21	
of this work. The third objective is to propose an alternative method,	without using 22	
LIDAR sensors, simpler and more economical, for in situ LA evaluation.  23	
 24	
To achieve these objectives a total of 17 blocks of pear, 14 of apple and 26 of vine, in 25	
different phenological states, were LIDAR scanned and subsequently manually 26	
defoliated. After the field and calculation work, the TRLV and LA were compared. The 27	
logarithmic regressions obtained had high correlations. For apple and pear trees the 28	
equations are practically the same with R2 of 0.85 and 0.84, respectively. The equation 29	
corresponding to vines is somewhat different and has an R2 of 0.86. The regression 30	
without species differentiation is 3.66ln(x)+9.65 with R2=0.90. 31	
 32	
Based on the TRLV, the front and top projected surface areas of each block were then 33	
obtained and, using these variables, the PTRS. The linear regressions obtained between 34	
PTRS and LA have high correlations with R2 of 0.88, 0.85 and 0.80 for apple trees, pear 35	
trees, and vineyard respectively. The three crops show very similar behavior. The straight 36	
lines are very close, with very similar slopes. With no species differentiation the linear 37	
regression model is y = 1.47x – 1.18 with R2=0.93. 38	
 39	
The starting point of the third objective is to obtain the projected surfaces, frontal and top, 40	
without using a LIDAR sensor. These surfaces are not as precise as those obtained with 41	
LIDAR and for this reason they are referred to as “estimated” projected surfaces. To 42	
calculate the estimated PTRS without a LIDAR sensor, the height and depth of the 43	
vegetation are measured with a tape measure. It is also necessary to make a visual 44	
estimation of the frontal gap-fraction. For this, a training method with known gap-fraction 45	
pictograms is proposed. The final results with this non-LIDAR method are very similar 46	
to those obtained with LIDAR. This method, although it needs human intervention, is 47	
simple, easy, economical and precise for in situ LA estimation. 48	
 49	
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fraction. 51	
 52	
Highlights: 53	
 54	

 The regression model between leaf area and LIDAR-volume is highly significant 55	
 The regression model between leaf area and projected outer surface is highly 56	

significant 57	
 Point estimation of leaf area in situ is feasible based on height and gap fraction 58	

estimation 59	
 Variables which do not take into consideration the gap fraction performed worse 60	

in explaining leaf area 61	
 62	
1. Introduction 63	
 64	
Determination of leaf area (LA) in fruit and vine cultivation is an important but difficult 65	
task. Important, because leaves are intrinsically related to evapotranspiration, radiation 66	
interception and CO2 fixation (Hernandez-Santana et al., 2017), and difficult, because of 67	
the huge number of leaves and the complexity of the three-dimensional structure of the 68	
canopies of fruit trees and vines.	It is also difficult to establish the necessary accuracy 69	
because it depends on other variables. Quick determinations with errors under 10% are a 70	
good starting point. Numerous research studies have required LA determination or 71	
estimation in fields such as irrigation (Du et al., 2017; Pereira et al., 2007), fertilization 72	
(Fernández et al., 2008), pruning (Ballesteros et al., 2015; Palmer et al., 1992), tree 73	
training (Kliewer and Dokoozlian, 2005), or the application of phytosanitary products 74	
(Arnó et al., 2015; Pascuzzi et al., 2017; Planas et al., 2013; Siegfried et al., 2007). All of 75	
these practices are related to canopy management, a key factor for plantation yield 76	
optimization (Cohen et al., 2005). 77	
 78	
A review is conducted in Jonckheere et al., (2004) of different methods, both direct and 79	
indirect, for determination or estimation of LA. The direct methods are characterized by 80	
directly measuring the leaf surface area and the indirect methods by using other 81	
parameters which are related to LA but easier to obtain. The former methods are more 82	
precise, but entail a high cost in terms of labor and time, often making them unfeasible 83	
for commercial purposes. Nonetheless, they are indispensable for the validation and/or 84	
calibration of the indirect methods (Doring et al., 2014; Poblete-Echeverría et al., 2015). 85	
These latter methods are characterized by their rapidity and the fact that they can often be 86	
automated (Fuentes et al., 2014; Mora et al., 2016), making them suitable for the 87	
measurement of larger-sized areas. Many of these methods are based on differentiating 88	
between green and non-green areas (Diago et al., 2012), The latter are basically the woody 89	
material, fruit, flowers and gaps through which light passes. Many of the methods are 90	
based on quantification of the light that passes through the gap fraction in order to 91	
estimate the green fraction (De Bei et al., 2016; C. Liu et al., 2013). It is also important 92	
to bear in mind that, normally, distribution of the green and gap fraction is projected and 93	
analyzed in the horizontal plane of the ground, as for example, in a forest environment 94	
(Chianucci et al., 2014) or in extensive agricultural crops (Fang et al., 2014; J. Liu et al., 95	
2013). In contrast, there are other environments, no less important, like intensive fruit 96	
growing, where it is more interesting to project and analyze the green and gap fraction in 97	
a vertical plane since, normally, the height of the crop is greater than its thickness. Due 98	
to this arrangement, in general, the gap fraction is larger and easier to measure from a 99	
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frontal view than from a top view perspective. Amongst other methods, ultrasound 100	
sensors are being used for the characterization of such crops (Escolà et al., 2011; Llorens 101	
et al., 2011a), as well as LIDAR sensors (Auat Cheein et al., 2015; Pfeiffer et al., 2018; 102	
Rosell and Sanz, 2012) The latter are becoming more commonly used as their price 103	
gradually falls and the features they offer increase. LIDAR sensors have been used for a 104	
number of years for 3D vegetation modelling, generating three-dimensional point clouds 105	
(Arnó et al., 2013; Llorens et al., 2011b; Moorthy et al., 2008). Complex geometrical 106	
variables can be obtained based on the use of these point clouds, including volumes (Auat 107	
Cheein et al., 2015; Escolà et al., 2017; Rosell Polo et al., 2009; Sanz et al., 2013) and 108	
LA-related surface areas (Arnó et al., 2013; Llop et al., 2016; Méndez et al., 2013; Sanz-109	
Cortiella et al., 2011). Below, a description is given of the initial hypotheses and aims of 110	
the present study. 111	
 112	
Hypothesis and Objectives 113	
 114	
This present study is based on two initial hypotheses. Firstly, it is proposed that the 115	
vegetation volume obtained with a LIDAR-based system or tree row LIDAR volume 116	
(TRLV) has a high correlation with the LA. Secondly, it is proposed that the projected 117	
outer surface or projected tree row surface (PTRS) is linearly related with the LA. 118	
 119	
The objectives considered in this work are as follows: 120	
  121	

 Study of the relationship between TRLV and LA in apple tree orchards (Malus 122	
communis L.), pear tree orchards (Pyrus communis L.), and vineyards (Vitis 123	
vinifera L.). 124	
 125	

 Study of the relationship between PTRS and LA in the same crops as above. 126	
 127	

 To propose an alternative method,	without using LIDAR sensors, simpler and 128	
more economical, for in situ LA evaluation. 129	

 130	
 131	
2. Materials and methods 132	
 133	
2.1. Location and main characteristics of the tested orchards/vineyards 134	
 135	
The tests were carried out at six sites in Catalonia, Spain (Table 1), Gimenells, 136	
Mollerussa, Alfarrás, Caldes de Montbui, Raimat, and Espiells, over the course of three 137	
years between April and August. The crops studied were: apple trees (Malus communis 138	
L. ‘Red Chief’, ‘Golden’, ‘Fuji’, ‘Gala’, and ‘Gala Brookfield’), pear trees (Pyrus 139	
communis L. ‘Conference’ and ‘Blanquilla’) and vines (Vitis vinifera L. ‘Cabernet 140	
Sauvignon’, ‘Merlot’, ‘Tempranillo’ and ‘Syrah’). A total of 17 blocks of pear, 14 of 141	
apple and 26 of vine, in different phenological states (BBCH scale, Table 1), were LIDAR 142	
scanned and subsequently manually defoliated (Fig. 1). Block lengths ranged between 1.5 143	
and 3.15 m, heights between 0.84 and 4 m, and row depths between 0.31 and 2.6 m. 144	
Visual estimation was also performed of the percentage of frontal gaps (Table 1). 145	
Altogether, 57 blocks were analyzed. Once in the laboratory, a planimeter (Delta-T 146	
Devices Ltd., Cambridge, UK) was used in combination with a gravimetric method, 147	
correlating fresh weight of leaves and leaf area (m2). Only one of the leaf faces was 148	
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considered for leaf area measurement. The planimeter consists of two different parts, a 149	
conveyor belt and an image analysis system. 150	
 151	
The blocks were chosen based on variability in terms of age, size, phenological stage and 152	
training system (Fig. 1 and Table 1 ). 153	
 154	
 155	
Table 1 156	
Tests conducted. Principal data. 157	

Crop (Village) / Block 
Test  
date 

(d/m) 

BBCH 
scale 

Length 
(m) 

Height 
 (m) 

Depth 
(m) 

Row 
Spacing  

(m) 

Frontal 
 Gaps 
(%) 

Pear Conference (Gimenells) / BI 20/05 71-75 1.50 3.00 1.05 4.00 20 
Pear Conference (Gimenells) / BII  16/07 76-89 1.50 3.00 1.30 4.00 10 
Pear Conference 1-axis (Mollerussa) / BI 20/05 71-75 2.93 3.10 1.70 4.00 25 
Pear Conference 1-axis (Mollerussa) / BII 14/07 76-89 3.12 3.30 1.55 4.00 25 
Pear Conference 2-axis (Mollerussa) / BI 20/05 71-75 2.00 3.80 1.15 4.00 10 
Pear Conference 2-axis (Mollerussa) / BII 14/07 76-89 1.85 3.70 0.95 4.00 10 
Pear Blanquilla (Gimenells) / BI  20/05 71-75 2.00 3.15 1.90 4.00 20 
Pear Blanquilla (Gimenells) / BII 16/07 76-89 2.00 3.10 1.70 4.00 15 
Pear Blanquilla (Gimenells) / BIII 16/06 76-89 1.90 2.90 1.40 4.00 10 
Pear Blanquilla (Alfarrás) / BI 18/04 71-75 2.00 2.50 0.85 4.50 50 
Pear Blanquilla (Alfarrás) / BII 18/04 71-75 2.00 2.50 0.90 4.50 40 
Pear Blanquilla (Alfarrás) / BIII 03/05 71-75 2.00 2.55 0.95 4.50 50 
Pear Blanquilla (Alfarrás) / BIV 03/05 71-75 2.00 2.50 1.00 4.50 40 
Pear Blanquilla (Alfarrás) / BV 02/06 71-75 2.00 2.60 1.10 4.50 20 
Pear Blanquilla (Alfarrás) / BVI 02/06 71-75 2.00 2.60 1.28 4.50 20 
Pear Blanquilla (Alfarrás) / BVII 25/07 76-89 2.00 2.60 1.10 4.50 30 
Pear Blanquilla (Alfarrás) / BVIII 25/07 76-89 2.00 2.60 1.13 4.50 20 
Apple Red Chief (Gimenells) / BI  26/05 71-75 1.60 3.40 2.60 4.00 0 
Apple Red Chief (Gimenells) / BII 14/07 76-89 1.50 3.40 2.60 4.00 0 
Apple Golden (Gimenells) / BI 26/05 71-75 1.52 3.40 1.60 4.00 20 
Apple Golden (Gimenells) / BII 14/07 76-89 1.49 2.40 1.50 4.00 5 
Apple Gala Brookfield 1-axis (Mollerussa) / BI 20/05 71-75 2.70 2.90 1.40 4.00 50 
Apple Gala Brookfield 1-axis (Mollerussa) / BII 14/07 76-89 2.30 3.40 1.25 4.00 50 
Apple Fuji 1-axis (Mollerussa) / BI 20/05 71-75 2.80 3.20 1.70 4.00 40 
Apple Fuji 1-axis (Mollerussa) / BII 14/07 76-89 2.65 3.35 1.60 4.00 50 
Apple Fuji wall (Mollerussa) / BI 20/05 71-75 2.75 3.07 0.95 4.30 40 
Apple Fuji wall (Mollerussa) / BII 14/07 76-89 2.62 3.10 0.85 4.30 40 
Apple Gala Brookfield wall (Mollerussa) / BI 20/05 71-75 3.03 3.40 0.65 4.50 60 
Apple Gala Brookfield wall (Mollerussa) / BII 14/07 76-89 2.78 3.00 0.55 4.50 60 
Apple Gala 1-axis (Mollerussa) / BI 20/05 71-75 3.04 3.45 1.65 4.00 15 
Apple Gala 1-axis (Mollerussa) / BII 14/07 76-89 3.15 4.00 1.68 4.00 20 
Vineyard Cabernet (Caldes de Montbui) / BI 03/06 71-89 2.00 1.08 0.42 3.00 50 
Vineyard Cabernet (Caldes de Montbui) / BII 03/06 71-89 2.00 1.36 0.35 3.00 60 
Vineyard Cabernet (Caldes de Montbui) / BIII 26/07 71-89 2.00 1.50 1.02 3.00 15 
Vineyard Merlot (Caldes de Montbui) / BI 03/06 71-89 2.00 1.06 0.31 3.00 50 
Vineyard Merlot (Caldes de Montbui) / BII 03/06 71-89 1.90 0.84 0.44 3.00 25 
Vineyard Merlot (Caldes de Montbui) / BIII 30/06 71-89 2.00 1.44 0.50 3.00 40 
Vineyard Merlot (Caldes) / BIV 26/07 71-89 2.00 1.38 0.60 3.00 35 
Vineyard Merlot (Raimat) / BI 10/05 55-69 2.00 1.22 0.36 3.00 60 
Vineyard Merlot (Raimat) / BII 10/05 55-69 2.00 1.20 0.34 3.00 50 
Vineyard Merlot (Raimat) / BIII 06/06 71-89 2.00 1.24 0.58 3.00 25 
Vineyard Merlot (Raimat) / BIV 06/06 71-89 2.00 1.70 0.61 3.00 35 
Vineyard Merlot (Raimat) / BV 07/07 71-89 2.00 1.62 0.80 3.00 25 
Vineyard Merlot (Raimat) / BVI 07/07 71-89 2.00 1.62 0.98 3.00 30 
Vineyard Merlot (Raimat) / BVII 24/08 71-89 2.00 1.42 0.80 3.00 30 
Vineyard Merlot (Raimat) / BVIII 24/08 71-89 2.00 1.64 0.71 3.00 40 
Vineyard Syrah (Raimat) / BI 24/07 71-89 1.90 1.35 0.58 3.00 15 
Vineyard Syrah (Raimat) / BII 24/07 71-89 1.96 1.46 0.67 3.00 25 
Vineyard Syrah (Raimat) / BIII 24/07 71-89 2.12 1.46 0.60 3.00 30 
Vineyard Syrah (Raimat) / BIV 24/07 71-89 1.86 1.32 0.50 3.00 40 
Vineyard Syrah (Raimat) / BV 24/07 71-89 2.06 1.46 0.68 3.00 15 
Vineyard Cabernet (Espiells) / BI 09/06 71-89 1.82 1.38 0.62 3.00 40 
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Vineyard Cabernet (Espiells) / BII 02/07 71-89 2.02 1.32 0.81 3.00 25 
Vineyard Cabernet (Espiells) / BIII 21/07 71-89 2.02 1.53 0.59 3.00 45 
Vineyard Tempranillo (Espiells) / BI 09/06 71-89 1.38 1.02 0.44 3.00 45 
Vineyard Tempranillo (Espiells) / BII 02/07 71-89 2.71 1.53 0.59 3.00 25 
Vineyard Tempranillo (Espiells) / BIII 21/07 71-89 2.54 1.60 0.61 3.00 35 

 158	
	159	

	 	 	 			160	
																											(a)																																												(b)																																									(c)	161	
	162	
Fig. 1. Three of the 57 defoliated blocks. A) Vineyard Cabernet (Espiells), 09/06 b) Pear 163	
Conference 1-axis (Mollerussa), 14/07 c) Apple Gala Brookfield wall (Mollerussa), 164	
20/05.	The white background is used to photographically isolate the block. 165	
	166	
	167	
2.2. Description of the measurement system 168	
 169	
A Sick LMS200 (SICK AG, Düsseldorf, Germany) LIDAR sensor was used in the 3D 170	
measurement system. This sensor measures distances in a single plane, with an accuracy 171	
of ± 1.5 cm in a 0 to 8 m range. The maximum angular range is 0-180°. The angular 172	
resolutions used were 1° and 0.5°. Laser emission wavelength was 905 nm (near infrared) 173	
and Class 1 eye-safe. Communication between sensor and PC used the RS-232 protocol 174	
at a speed of 38400 bits per second. A total of 1700 measurements of distance per second 175	
were obtained with this configuration. The scanning plane of the tests was vertical and 176	
perpendicular to the vegetation. The beam directions of 0° and 180° were both vertical, 177	
pointing upwards and downwards, respectively (Fig. 2). Each block was scanned twice, 178	
once on each side (left and right side), following rectilinear trajectories with a constant 179	
speed of between 1.0 and 2.1 km/h. The two point clouds, one from each scan, were 180	
subsequently registered into a single point cloud. In the tests, no geolocation receiver 181	
(GNSS) was used. Four reference plane elements, two on each side of the row, with 182	
perfectly known position and dimensions, were used to facilitate the centimeter-183	
registration process (Rosell et al., 2009). 184	
 185	
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	186	
 187	
Fig. 2. Schematic description of the tests. Photograph of the two reference planes on one 188	
side (adapted from Sanz-Cortiella et al., 2011). 	189	
	190	

 191	
The theoretical point spacing in the frontal mid-plane of vegetation at the height of the 192	
LIDAR sensor have horizontal separations of between 18 and 89 mm, though only in 5 193	
blocks did these exceed 60 mm. Vertically, separations ranged between 29 and 43 mm. 194	
These ranges depended principally on the speed at which the sensor advanced, on the 195	
distance between the sensor and the vegetation and on the angular resolution 196	
configuration. The point clouds that were generated do not allow differentiation between 197	
individual leaves, but do show in good detail the shape and size of the irregularities of the 198	
walls of vegetation. 199	
 200	
 201	
2.3. Leaf Area estimation process 202	
 203	
This section is divided into two subsections.	The first one explains the LIDAR-based 204	
variables that were used to estimate LA. These variables are fundamental for the first two 205	
objectives of this work. The second subsection, and related to the third objective, explains 206	
the non-LIDAR-based variables for in situ LA estimation. 207	
 208	
Regarding the units in which all these variables have been expressed, in the agricultural 209	
environment it is very common to express them by unit of area, e.g. l/ha, kg/ha, €/ha, but 210	
in this work the variables have been expressed per unit of length. For this reason, the 211	
value of the variables of each block has been divided by its length in m, leaving the 212	
variables referred to a linear meter (/m) of fruit/vineyard row. 213	
 214	
 215	
2.3.1 Leaf Area estimation using LIDAR-based variables 216	
 217	

Left side

Right side

4.2 4.1 3.2 3.1
Plane 4 Plane 3

2
 m

Top View

Front View

2.1 m

3.9 m
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1.2 2.1 2.1
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0
 m

2
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1
.5

 m

180°

0°
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After the accurate registration of the point clouds, the variables that subsequently 218	
correlated with the LA were calculated. First the TRLV was graphically and numerically 219	
(m3/m) obtained (Fig. 3) (Sanz et al., 2013). The mechanism used to obtain the TRLV 220	
was based on the intersection of two solids. Each solid is equivalent to the shadow space 221	
which the laser emission of the LIDAR generates. All the sensor generated points were 222	
used to obtain this volume, including both, those that strike the vegetation, as well as 223	
those that pass through the gaps. Data about the gaps is vital in order to obtain a better 224	
representation of the vegetation. 225	
	226	
	227	
	228	

	229	
		230	

	231	
	232	
	233	
												(a)																																	(b)																																		(c)																														(d)	234	
	235	
	236	
	237	
	238	
	239	
	240	
	241	
	242	
	243	
	244	
										(e)																																(f)																																																									(g)	245	
 246	

Fig. 3. Graphic explanation of the process followed for the generation of the TRLV. (a) 247	
Point cloud of a very short section of vegetation, just 0.05 m long. (b) Solid generated 248	
from the points obtained from the right-hand side scanning (in orange). (c) Solid 249	
generated from the points obtained from the left-hand side scanning (in red). (d) Result 250	
of the intersection (in green) of the (b) and (c) solids. (e) Isometric view of the solid 251	
generated of a 0.05 m long section of vegetation. f) Isometric view of the TRLV of a 2 m 252	
long section of vegetation. g) Top (XY), frontal (YZ), lateral (XZ) and isometric view of 253	
the TRLV of a 4 m long section of vegetation (adapted from Sanz et al., 2013).	254	
	255	
The other variables that correlated with the LA were the projected flat surfaces of the 256	
vegetation. With the TRLV and using CAD software (Autocad® version 2014, Autodesk,	257	
Inc.,	 San	 Rafael,	 CA,	 USA), the flat frontal projected surface (PFS) and the flat top 258	
projected surface (PTS) were then graphically and numerically (m2/m) obtained from all 259	
the blocks. An example of TRLV and its projections, PFS and PTS, are shown in Fig. 4c. 260	
It can be seen that the frontal and rear projections are coincident, as are the top and lower. 261	
Fig. 4a shows the rectangle (Ɩ × h) occupied by the PFS and the frontal gaps. In Fig. 4b 262	
the PTS and its equivalent rectangle surface are shown.	In the 57 analyzed blocks, very 263	
few and insignificant gaps were found in the PTS.	For this reason, gaps were not taken 264	

LIDAR 
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into account in this projection. Combinations of the PFS and the PTS were analyzed to 265	
compare the regression models. The first combination, projected tree row surface (PTRS), 266	
is defined as the outer surface area, comprised of the four outer faces (4F), frontal, rear, 267	
top and lower. PTRS (m2/m) is calculated as shown in Eq.(1). The second combination is 268	
based on the fact that the lower part of the vegetation is the least illuminated, therefore 269	
the lower face was discarded and the combination of the three remaining faces (3F) 270	
frontal, rear and top was also studied. Finally, the regression models with the frontal face 271	
and with the top face were analyzed separately. 272	
 273	

PTRS = 2PFS + 2PTS                                         (1) 274	
	275	
 276	

 277	
 278	
Fig. 4. Example of TRLV and its projections, PFS and PTS. (a) Rectangular surface 279	
occupied by the PFS and the frontal gaps. (b) PTS and its equivalent rectangle surface. 280	
(c)	3D view of the TRLV, PFS and PTS.  281	
 282	
 283	
2.3.2 Leaf Area estimation without using LIDAR-based variables 284	
 285	
The third objective of this work is to provide an alternative method of LA estimation, 286	
without using the LIDAR sensor. The starting point of this new method is to obtain the 287	
flat projected surfaces, frontal and top, without using a LIDAR sensor. These surfaces 288	
will not be as precise as those obtained with LIDAR and for this reason they are referred 289	
to as “estimated” projected flat surfaces. The name of the new variables is the same as 290	
those based on the LIDAR sensor, but preceded by an E. The new variables are the 291	
following; estimated projected front surface (EPFS), estimated projected top surface 292	



	 9

(EPTS) and estimated projected tree row surface (EPTRS). The EPTRS (m2/m), like the 293	
PTRS, is defined as the outer surface area, comprised of the four outer faces, frontal, rear, 294	
top and lower. EPTRS is calculated as shown in Eq.(2) 295	
 296	

EPTRS = 2EPFS + 2EPTS                                          (2) 297	
 298	
To obtain the EPFS (m2/m) (Eq.(3)) in field, the following is proposed: analyze the frontal 299	
rectangle which contains the vegetation to be studied (Fig. 4a), measure its height (h) with 300	
a measuring tape and visually estimate the percentage of gaps or gap fraction (G). The 301	
length of the rectangle (Ɩ) is both multiplied and divided and therefore is cancelled out. 302	
  303	

EPFS = (Ɩ × h) × (1 – G/100) / Ɩ                         (3) 304	
 305	

To obtain the EPTS (m2/m) (Eq.(4)) in field, it is proposed to measure the maximum depth 306	
at several points, with a measuring tape, and calculate its average (d) (Fig. 4b). The length 307	
of the rectangle (Ɩ) is both multiplied and divided and, therefore, is again not taken into 308	
account. 309	
 310	

EPTS = (Ɩ × d) / Ɩ                                             (4) 311	
 312	
At the time the field tests were carried out, there was no plan to search for an alternative 313	
method to using the LIDAR and for this reason there was no manual measurement of the 314	
mean maximum depth nor estimation of the percentage of gaps of the scanned blocks. 315	
These two variables were obtained a posteriori using the LIDAR-generated point clouds. 316	
To obtain the gap fraction, a collaborator in the research study, after training sessions 317	
using pictograms (Fig. 5), visually estimated the G (Table 1) of all the blocks. Also based 318	
on the LIDAR-generated point clouds, 5 equidistant measurements of depth were 319	
averaged to obtain the mean maximum depth (d) of each block (Table 1).  320	
 321	
 322	

 323	
    80%             70%           51%  324	

 325	
    40%    36%            31%  326	

 327	
   20%                 16%           3%  328	

 329	
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Fig. 5. Examples of pictograms with known percentage of frontal gaps for visual training 330	
in gaps estimation.  331	
 332	
 333	
A very important variable in fruit cultivation is the leaf area index (LAI), the one-sided 334	
green leaf area per unit ground surface area (m2/m2). Currently in the agricultural 335	
environment, on a practical level, the use of LAI is much more frequent than LA per 336	
linear meter of tree row. Its calculation, based on LA (m2/m), is simple and is expressed 337	
in Eq.5, where RS (m) is	the distance between tree rows or row spacing (Table 1): 338	
 339	
   LAI = LA / RS                                        (5) 340	
 341	
Given that the variable EPFS is also easy to obtain and, as will subsequently be seen, has 342	
a high correlation with LA, finally an analysis is made of the correlation between EPFS 343	
and LAI. This analysis aims to show that it is easy to make a good estimate "in situ" of 344	
LAI.  345	
 346	
The results of the different procedures proposed for LA estimation are ordered beginning 347	
with the most accurate and laborious methods and finishing with the least accurate but 348	
simplest ones. Firstly, a study is undertaken of the correlation between the TRLV and the 349	
LA (section 3.1), and then the correlation between the projected surfaces (PTRS, PFS and 350	
PTS) and the LA (section 3.2). This is followed by the proposal of simpler solutions which 351	
do not depend on the use of a LIDAR sensor (section 3.3). In this section the following 352	
correlations are analyzed: PTRS/EPTRS, EPTRS/LA, EPFS/LA and height/LA. Finally, 353	
a global analysis is made based on the root mean square errors (RMSE) of all the 354	
regression models obtained (section 3.4). 355	
 356	
 357	
3. Results and discussion 358	
 359	
 360	
3.1. Estimation of the LA from the TRLV 361	
 362	
After the field and calculation work, the TRLV and LA were compared. The logarithmic 363	
regressions obtained had a high correlation, with p-value < 0.001, as can be seen in Fig. 364	
6. The significance codes used in this article are as follows: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 365	
0.05 ‘.’ 0.1 ‘ ’ 1. For apple and pear trees the equations are practically the same with R2 366	
of 0.85 and 0.84, respectively. The equation corresponding to vines is somewhat different 367	
and has an R2 of 0.86. Despite this difference, the three equations overlap and this seems 368	
to indicate that the three species behave similarly in terms of the correlation between these 369	
two variables. The regression without species differentiation is 3.66ln(x)+9.65 *** with 370	
R2=0.90 and RMSE=1.26. This is not plotted because it is coincident on the other three 371	
regressions. 372	
 373	
 374	
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 375	
 376	
Fig. 6. Scatter diagram and logarithmic regression of the relationship between the 377	
TRLV and LA for vine, pear and apple tree blocks, fitted independently.  378	
 379	
 380	
A more detailed analysis of the results for vine is shown in Fig.7, given that this crop had 381	
the most blocks, 26 in total. High correlations can be observed, with Cabernet the variety 382	
with lowest leaf density (LA/TRLV) and Tempranillo the highest. A certain degree of 383	
prudence is required in this respect as the number of samples per variety is small, 384	
especially when considering only 3 blocks of Tempranillo have been analyzed.  385	
 386	
 387	

 388	
 389	
Fig. 7. Scatter diagram and logarithmic regression of the relationship between the TRLV 390	
and LA for Cabernet, Merlot, Syrah and Tempranillo vines, fitted independently. 391	
 392	
 393	
The curves of Figs. 6 and 7 show that TRLV increases faster than LA. This can be 394	
explained by the tendency of the plants to position leaves mainly in the outer part of the 395	
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canopy so that they have greater access to light. The main drawback to this LA estimation 396	
method is the need to use a LIDAR-based system and to use a semi-automated post-397	
processing system to transform the point cloud into TRLV. The first hypothesis, which 398	
assumes that the TRLV is a good variable for LA estimation, was confirmed by these 399	
results. 400	
 401	
 402	
3.2. Estimation of the LA from the projected surfaces 403	
 404	
Based on the TRLV, the PFS and PTS were then obtained and, using these variables, the 405	
PTRS. Firstly, an analysis was made of the correlation between PTRS and LA. It can be 406	
seen (Fig.8 and Table 2) that there are very high correlations with p-value < 0.001. As in 407	
Fig.6, the three crops show very similar behavior. The straight lines are very close, with 408	
very similar slopes. With no species differentiation, an R2=0.93 was obtained with an 409	
RMSE=1.10 m2/m. It can also be seen that the models give a PTRS >0 when LA=0. This 410	
is consistent, as in the absence of leaves there still remains the structural part of trunk and 411	
branches, and a good indication of the consistency of these models. This result is very 412	
interesting given that it is based on 57 blocks of widely varying characteristics and 413	
scenarios which give a similar response in terms of leaf arrangement for the capture of 414	
light. When the regression lines are forced to pass through the origin, the RMSE logically 415	
increases a little, but the interpretation of the results is simplified. In this case, the slopes 416	
of 1.26, 1.35 and 1.14 (Table 2) reveal that the leaves partly overlap, with leaf surface 417	
area larger than the PTRS. The biggest overlap corresponds to pear trees and the lowest 418	
to vines. 419	
  420	
  421	

 422	
 423	
Fig. 8. Scatter diagram and linear regression of the relationship between the PTRS and 424	
LA for vine, pear and apple tree blocks, fitted independently.  425	
 426	
 427	
Table 2 428	
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Linear regression and linear regression through the origin of the relationship between 429	
the PTRS and LA. 430	
 431	

Crop/Blocks 
Linear regression 
code p-value 

R2 
RMSE 
(m2/m) 

Linear regression 
through the origin 

RMSE 
(m2/m) 

Apple / 14 y = 1.61x – 2.88 *** 0.88 1.49 y = 1.26x 1.77 
Pear / 17 y = 1.62x – 2.00 *** 0.85 1.00 y = 1.35x 1.08 
Vineyard / 26 y = 1.51x – 1.15 *** 0.80 0.61 y = 1.14x 0.69 
All / 57 y = 1.47x – 1.18 *** 0.93 1.10 y = 1.28x 1.22 

 432	
 433	
Represented in Fig. 9 and Table 3 are the linear regressions between the PTRS and the 434	
LA of the four vine varieties. As in Fig. 7, differences between them can be observed. 435	
Prudence again is required, however, as the blocks of each variety are few in number, 436	
making it difficult to reach firm conclusions. In the case of Cabernet, when the regression 437	
passes through the origin, the slope is less than 1. This means that the LA is lower than 438	
the PTRS. To understand this value, we can imagine an isolated leaf and its four 439	
projections. It is not difficult to imagine that the PTRS can be greater than its LA. 440	
Therefore, values below 1 are possible, though normally, as can be seen in Figs. 8 and 9, 441	
they will be above 1. 442	
  443	
 444	
 445	

 446	
 447	
Fig. 9. Scatter diagram and linear regression of the relationship between the PTRS and 448	
LA for Cabernet, Merlot, Syrah and Tempranillo vines, fitted independently. 449	
 450	
 451	
Table 3 452	
Linear regression and linear regression through the origin of the relationship between 453	
the PTRS and LA. 454	
 455	
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Crop/Blocks 
Linear regression 
code p-value 

R2 
RMSE 
(m2/m) 

Linear regression 
through the origin 

RMSE 
(m2/m) 

Cabernet / 6 y = 1.13x – 0.78 *** 0.94 0.27 y = 0.89x 0.37 
Merlot / 12 y = 1.58x – 1.41 *** 0.97 0.22 y = 1.12x 0.46 
Syrah / 5 y = 1.92x – 1.93 * 0.90 0.27 y = 1.33x 0.37 
Tempranillo / 3 y = 1.72x – 0.95  0.80 0.53 y = 1.40x 0.57 

 456	
 457	
The PTRS uses four projected faces (4F). An explanation is given below of how the 458	
regression models evolve when using fewer faces. 459	
 460	
Normally, the least illuminated face is the lower one. If we eliminate the bottom 461	
projection and are left with 2PFS + 1 PTS, 3 faces in total (3F) (Table 4), it can be seen 462	
that the R2 and RMSE of the regressions are practically the same as when 4F are used 463	
(Table 2). Logically, the slopes are greater given that LA is spread around a lower outer 464	
surface (3F). Giving less weight to the top-view projection, removing one of the faces, 465	
neither improves nor worsens the results.  466	
 467	
 468	
Table 4 469	
Linear regression and linear regression through the origin of the relationship between 470	
the (2PFS+1PTS) and LA. 471	

Crop/Blocks 
Linear regression 
code p-value 

R2 
RMSE 
(m2/m) 

Linear regression 
through the origin 

RMSE 
(m2/m) 

Apple / 14 y = 2.12x – 3.43 *** 0.89 1.44 y = 1.58x 1.80 
Pear / 17 y = 1.89x – 1.49 *** 0.84 1.05 y = 1.64x 1.10 
Vineyard / 26 y = 1.95x – 1.25 *** 0.83 0.57 y = 1.44x 0.66 
All / 57 y = 1.82x – 1.16 *** 0.93 1.08 y = 1.60x 1.20 

 472	
 473	
In the case of using only the PFS (Fig. 10 and Table 5), the regressions continue having 474	
a high correlation. The lowest R2, 0.74, is for pear trees, and surprisingly it increases 475	
slightly for vine, reaching 0.85. There is no logical explanation for this increase in R2 as 476	
it makes no sense that when ignoring the PTS the regression should improve. Having 477	
reached this point, if the regressions which pass through the origin are used, LA 478	
estimation becomes much simpler and only involves calculating the PFS and multiplying 479	
it by a factor of around 4, depending on the species. 480	
 481	
 482	
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 483	
 484	
Fig. 10. Scatter diagram and linear regression of the relationship between the PFS and 485	
LA for vine, pear and apple tree blocks, fitted independently. 486	
 487	
 488	
Table 5 489	
Linear regression and linear regression through the origin of the relationship between 490	
the PFS and LA. 491	

Crop/Blocks 
Linear regression 
code p-value 

R2 
RMSE 
(m2/m) 

Linear regression 
through the origin 

RMSE 
(m2/m) 

Apple / 14 y = 5.94x – 3.97 *** 0.87 1.54 y = 4.26x 1.95 
Pear / 17 y = 4.13x + 0.16 *** 0.74 1.33 y = 4.20x 1.33 
Vineyard / 26 y = 5.26x – 1.25 *** 0.85 0.53 y = 3.90x 0.63 
All / 57 y = 4.64x – 0.92 *** 0.91 1.22 y = 4.19x 1.29 

 492	
 493	
In the case of only using the PTS (Fig. 11 and Table 6), the regressions for each crop are 494	
worse with respect to the previous cases with 4F, 3F and 1F(PFS). Pear trees are the crop 495	
with the worst regression, with an R2 of 0.45. Despite everything, the set of all the blocks, 496	
without differentiation of species, provides a high correlation with R2 = 0.80. These 497	
results suggest that with the topside point of view, for example, using a drone, LA 498	
estimation is possible. 499	
 500	
 501	
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 502	
 503	
Fig. 11. Scatter diagram and linear regression of the relationship between the PTS and 504	
LA for vine, pear and apple tree blocks, fitted independently. 505	
 506	
 507	
Table 6 508	
Linear regression and linear regression through the origin of the relationship between 509	
the PTS and LA. 510	

Crop/Blocks 
Linear regression 
code p-value 

R2 
RMSE 
(m2/m) 

Linear regression 
through the origin 

RMSE 
(m2/m) 

Apple / 14 y = 6.13x – 0.24 *** 0.77 2.04 y = 5.98x 2.05 
Pear / 17 y = 5.41x + 2.48 ** 0.45 1.92 y = 7.22x 2.02 
Vineyard / 26 y = 5.91x – 0.31 *** 0.61 0.87 y = 5.44x 0.87 
All / 57 y = 6.65x – 0.33 *** 0.80 1.79 y = 6.40x 1.79 

 511	
After analyzing the results in this section, the second working hypothesis which assumed 512	
a linear relationship between the PTRS and the LA can be confirmed. It has also been 513	
shown that there is a good linear relationship between the PFS and the LA with the 514	
advantage of it being a more easily obtainable variable than the PTRS. 515	
 516	
 517	
3.3. Estimation of the LA from the estimated projected surfaces 518	
 519	
The drawback of using the PFS and PTS is that they are obtained from the TRLV which, 520	
requires a LIDAR-based measurement system. This section shows the results for LA 521	
estimation based on estimation of PFS and PTS without using any LIDAR sensor. The 522	
result of comparing the PTRS and the EPTRS can be seen in Fig. 12. A very high 523	
correlation can be observed. This indicates that the errors committed in the estimation of 524	
gaps and in the calculation of depth are small with respect to the actual gaps of the point 525	
cloud. It is understandable that the human component of visual estimation could create 526	
doubts about the method, but we believe that the procedure is so simple that anybody can 527	
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obtain more than acceptable results with just a little training. Verification of this 528	
hypothesis is not contemplated among the aims of the present study. 529	
 530	
 531	

 532	
 533	
Fig. 12. Scatter diagram and linear regression of the relationship between the PTRS and 534	
EPTRS for vine, pear and apple tree blocks. 535	
 536	
 537	
It can be seen in Fig. 13 and Table 7 that the correlation between the EPTRS and the LA 538	
continues to be very high and practically the same as in Fig. 8 with the PTRS. 539	
 540	
 541	
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Fig. 13. Scatter diagram and linear regression of the relationship between the EPTRS and 544	
LA for vine, pear and apple tree blocks, fitted independently. 545	
 546	
 547	
Table 7 548	
Linear regression and linear regression through the origin of the relationship between 549	
the EPTRS and LA. 550	
 551	

Crop/Blocks 
Linear regression 
code p-value 

R2 
RMSE 
(m2/m) 

Linear regression 
through the origin 

RMSE 
(m2/m) 

Apple / 14 y = 1.59x – 2.92 *** 0.89 1.39 y = 1.23x 1.69 
Pear / 17 y = 1.53x – 1.25 *** 0.87 0.93 y = 1.36x 0.97 
Vineyard / 26 y = 1.50x – 1.26 *** 0.78 0.64 y = 1.11x 0.72 
All / 57 y = 1.47x – 1.26 *** 0.93 1.08 y = 1.27x 1.22 

 552	
 553	
It can be seen in Fig. 14 and Table 8 that the correlation between the EPFS and the LA 554	
also continues to be very high and practically the same as in Fig. 10 with the PFS. In this 555	
latter case, it should be noted that LA estimation is carried out based only on height and 556	
gap estimation. This means that just one person, armed with a measuring tape, calculator, 557	
Eq. (3) and Table 5, can estimate in situ the LA simply, accurately and immediately. 558	
 559	
 560	

 561	
 562	
Fig. 14. Scatter diagram and linear regression of the relationship between the EPFS and 563	
LA for vine, pear and apple tree blocks, fitted independently. 564	
 565	
 566	
Table 8 567	
Linear regression and linear regression through the origin of the relationship between 568	
the EPFS and LA. 569	
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Crop/Blocks 
Linear regression 
code p-value 

R2 
RMSE 
(m2/m) 

Linear regression 
through the origin 

RMSE 
(m2/m) 

Apple / 14 y = 5.44x – 3.27 *** 0.89 1.42 y = 4.11x 1.77 
Pear / 17 y = 3.56x +1.43 *** 0.72 1.38 y = 4.16x 1.43 
Vineyard / 26 y = 5.16x – 1.42 *** 0.83 0.56 y = 3.69x 0.67 
All / 57 y = 4.52x – 0.90 *** 0.91 1.22 y = 4.08x 1.29 

 570	
 571	
Below, an analysis is made of the relationship between the frontal surface area, without 572	
taking into account the gap fraction, and the LA. This frontal surface without gaps, if we 573	
refer to it by linear meter, it comes down to studying the relationship between the height 574	
of the blocks and the LA. It can be seen in Fig. 15 and Table 9, that the worst regression 575	
takes place for apple trees, with p-value>0.1. For pear trees and vines, the p-value is below 576	
0.001 and the R2 values are 0.62 and 0.54, respectively. As for the previously studied 577	
variables, the RMSE values obtained with height are the worst except for pear trees where 578	
it is the second worst (Table 10). It can be concluded from these results that the variable 579	
height alone does not explain well the LA and that calculation or estimation of the 580	
percentage of gaps is fundamental for a valid estimation. 581	
 582	
 583	
 584	

 585	
 586	
Fig. 15. Scatter diagram and linear regression of the relationship between the height of 587	
the green wall of the crop and LA for vine, pear and apple tree blocks, fitted 588	
independently. 589	
 590	
Table 9 591	
Linear regression and linear regression through the origin of the relationship between 592	
height and LA. 593	

Crop/Blocks 
Linear regression 
code p-value 

R2 
RMSE 
(m2/m) 

Linear regression 
through the origin 

RMSE 
(m2/m) 

Apple / 14 y = 3.87x – 3.83  0.10 4.09 y = 2.71x 4.11 
Pear / 17 y = 5.11x – 5.49 *** 0.62 1.61 y = 3.26x 1.77 
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Vineyard / 26 y = 4.85x – 3.43 *** 0.54 0.94 y = 2.41x 1.07 
All / 57 y = 3.52x – 1.65 *** 0.63 2.42 y = 2.90x 2.50 

 594	
 595	
3.4. RMSE analysis for leaf area and LAI estimation. 596	
 597	
In this section the variables used for the estimation of the LA are evaluated based on the 598	
RMSE of the obtained regressions. 599	
 600	
 601	
Table 10 602	
Summary of the RMSEs (m2/m) of the regressions between the variables studied and the 603	
LA (m2/m). 604	

 All Apple Pear Vineyard 
Caber- 
net 

Merlot Syrah 
Tempra-
nillo 

TRLV 1.26 1.67 1.05 0.51 0.39 0.31 0.07 0.49 
PTRS/EPTRS(4F) 1.10/1.08 1.49/1.39 1.00/0.93 0.61/0.64 0.27 0.22 0.27 0.53 
2PFS+PTS (3F) 1.08 1.44 1.05 0.57     
PFS/EPFS (1F) 1.22/1.22 1.54/1.42 1.33/1.38 0.53/0.56     
PTS (1F) 1.79 2.04 1.92 0.87     
Height (1F) 2.42 4.09 1.61 0.94     

 605	
 606	
Table 11 607	
Summary of the R2 of the regressions between the variables studied and the LA (m2/m). 608	

 All Apple Pear Vineyard 
Caber-
net 

Merlot Syrah 
Tempra-
nillo 

TRLV 0.90 0.85 0.84 0.86 0.88 0.95 0.99 0.83 
PTRS/EPTRS(4F) 0.93/0.93 0.88/0.89 0.85/0.87 0.80/0.78 0.94 0.97 0.90 0.80 
2PFS+PTS (3F) 0.93 0.89 0.84 0.83     
PFS/EPFS (1F) 0.91/0.91 0.87/0.89 0.74/0.72 0.85/0.83     
PTS (1F) 0.80 0.77 0.45 0.61     
Height (1F) 0.63 0.10 0.62 0.54     

 609	
 610	
All the RMSE and R2 calculated in the LA estimation regressions are grouped together in 611	
Tables 10 and 11. 612	
  613	
In the general case of non-differentiation of species (All), the best results are obtained 614	
when using 4F and 3F. The results obtained are also very good when based on the TRLV 615	
and the PFS/EPFS. The errors in LA estimation increase when the gap fraction is not 616	
taken into consideration (PTS and height). The worst result is obtained with the variable 617	
height. The case of apple trees is very similar to the general case described above, but 618	
with higher RMSE values and lower R2. The value of 1.42 obtained from the EPFS is 619	
somewhat unexpected. This reduction of the RMSE with respect to the PFS (1.54) has no 620	
logical explanation. The case of pear trees also follows the general pattern with the 621	
exception that the worst result is found with the PTS and not with height. Vineyards give 622	
the best result based on the TRLV. Very good results are also obtained with 4F, 3F and 623	
PFS/EPFS. The worst result, as in the general case, is obtained from height. In the case 624	
of differentiation between varieties, the RMSEs are quite lower, except for Tempranillo. 625	
Therefore, though these fits are more accurate, prudence is required as few blocks were 626	
used for each variety, especially Tempranillo with just three blocks. 627	
 628	
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In view of all of the above, and contemplating a more accurate, faster and automatable 629	
system using LIDAR sensors, we propose as interesting variables, the TRLV, PTRS, PFS 630	
and the 2PFS+PTS combination. The small differences that exist between the regression 631	
models of these four variables and the LA are not large enough to allow a clear decision 632	
in favor of any particular one of them. If a simple, rapid and accurate system to estimate 633	
the LA and LAI in situ is required, we propose use of the EPFS variable as it meets these 634	
three required conditions. Finally, an analysis is made below of the relationship between 635	
the EPFS and the LAI.  636	
  637	
 638	
Table 12 639	
Linear regression and linear regression through the origin of the relationship between 640	
the EPFS and LAI. 641	

Crop/Blocks 
Linear regression 
code p-value 

R2 
RMSE 
(m2/m) 

Linear regression 
through the origin 

RMSE 
(m2/m) 

Apple / 14 y = 1.40x – 0.93 *** 0.89 0.36 y = 1.02x 0.47 
Pear / 17 y = 1.01x + 0.01 *** 0.74 0.37 y = 1.01x 0.37 
Vineyard / 26 y = 1.72x – 0.47 *** 0.83 0.19 y = 1.23x 0.22 
All / 57 y = 1.02x + 0.04 *** 0.85 0.36 y = 1.04x 0.36 

 642	
 643	
High correlations can be observed in Table 12 between the EPFS and the LAI. The lowest 644	
R2 corresponds to pear trees (R2 = 0.74). If we consider the regressions that pass through 645	
the origin, it can be seen that in pear and apple trees the relationship between the EPFS 646	
and the LAI is practically 1. This takes place because to change from EPFS to LA we 647	
have to multiply by a factor of approximately four (Table 8) and to convert LA into LAI 648	
we have to divide by the distance between rows, which is also approximately four (Table 649	
1). Care needs to be taken with LAI estimation because it depends on row spacing and, 650	
therefore, this correlation of 1 is only valid for row spacing in the order of 4 m. In the 651	
case of vineyards, with row spacing of 3 m in all the blocks, the correlation between the 652	
EPFS and the LAI is 1.23. 653	
 654	
 655	
4. Conclusions 656	
 657	
This work is based on two hypotheses and three objectives. In the development of the 658	
first objective it has been demonstrated that the three species (apple, pear and vine) 659	
behave similarly in terms of correlation between the TRLV and the LA. The logarithmic 660	
regressions that were obtained are very significant and have R2 values of 0.85, 0.84 and 661	
0.86 in apple, pear and vine, respectively. With these results the first hypothesis is 662	
confirmed, which considers TRLV to be a good variable for the estimation of the LA. 663	
 664	
In the development of the second objective very significant linear regressions have been 665	
obtained between the PTRS and the LA, with R2 values of 0.88, 0.85 and 0.80 for apple, 666	
pear and vine, respectively. The regression lines are very close, with very similar slopes. 667	
This is surprising principally because of the morphological differences between fruit trees 668	
and vines. The similarity in results indicates that the three crops behave similarly in terms 669	
of leaf arrangement. If only one projected face is taken into account, the variable that best 670	
explains the LA is the PFS. These results confirm the second hypothesis that contemplates 671	
a linear relationship between the PTRS and the LA. 672	
 673	
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In the third objective, an alternative method is proposed for in situ LA estimation, without 674	
using LIDAR, based on the EPFS and the EPTS. The height of the wall of vegetation, the 675	
mean maximum depth of the crop row and a visual estimation of the gap fraction were 676	
used to obtain these variables. Doubts will assuredly arise with respect to the last of these 677	
parameters given the subjective nature of the estimation. However, prior pictogram-based 678	
training with known gap fractions can be used to mitigate this problem. The results 679	
obtained with this simplified method were very similar to those obtained with LIDAR-680	
based methods. As the procedure is a very simple one, anybody with a brief training 681	
sessions in gap fraction estimation can make good in situ LA estimations using only a 682	
measuring tape and calculator. 683	
 684	
Finally, when considering a precise, rapid and automatable system based on LIDAR 685	
sensors, we propose as interesting variables the TRLV, PTRS, PFS and the 2PFS+PTS 686	
combination. The small differences that exist between the regression models of these four 687	
variables and the LA are not large enough to allow a clear decision in favor of any 688	
particular one of them. If a simple, rapid and accurate system to estimate the LA and LAI 689	
in situ is required, the use of the EPFS variable is proposed since it has the three required 690	
conditions. Variables which do not take into account the gap fraction, PTS, EPTS and 691	
height, are the variables which worst explain the LA. 692	
 693	
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